Abstract-Tissue imaging mass spectrometry (TIMS) is a dataintensive technique for spatial biochemical analysis. TIMS contributes both molecular and spatial information to tissue analysis. We propose and evaluate a similarity measure, based on the hypergeometric distribution, for comparing m/z images from TIMS datasets, with the goal of identifying m/z values with similar spatial distributions. We compare the formulation and properties of the proposed method with those of other similarity measures, and examine the performance of each measure on synthetic and biological data. This study demonstrates that the proposed hypergeometric similarity measure is effective in identifying similar m/z images, and may be a useful addition to current methods in TIMS data analysis.
INTRODUCTION
Tissue imaging mass spectrometry (TIMS) is a dataintensive technique for biochemical analysis in which a complete mass spectrum is acquired at multiple points on a tissue sample. TIMS directly links the biochemical information of the mass spectrum to the morphological characteristics of the tissue. Coupled molecular and spatial data is valuable in studying diseases where an individual tissue sample may contain diseased, marginal and diseasefree regions, e.g. cancer. TIMS produces large, informationrich datasets, and the development of computational techniques for exploring these datasets is an important factor in effectively employing TIMS in biomedical research.
In mass spectrometry data analysis, researchers seek to observe relationships among m/z (mass-to-charge ratio) values. Identifying similarly expressed m/z values may aid in biologically characterizing disease states. In conventional (non-TIMS) mass spectrometry, patterns may be observed in terms of abundance or mass. TIMS enables assessment in terms of spatial distribution, extending upon histological staining. It can be applied to identify m/z values present in the same tissue regions as molecules known to be of interest in a disease, thereby generating a shortlist of m/z values for further study. Recent papers have discussed techniques for identifying similarly distributed m/z values [1] [2] .
In this paper we propose a similarity measure for TIMS data, using the hypergeometric distribution as a basis, to identify spatially similar m/z values. The hypergeometric distribution has previously been used in bioinformatics to assess similarity in microarray functional analysis and tandem mass spectrometry [3] [4] [5] . In this paper we define the proposed hypergeometric similarity measure and compare it with cosine similarity and Pearson correlation in terms of desirable properties related to formulation and behavior. Cosine similarity and Pearson have previously been used to assess similarity in mass spectrometry data for tasks ranging from protein identification to quality control [1] [2] [6] [7] [8] . We study the performance of the proposed similarity measure on synthetic data and provide examples showing its advantageous performance in identifying and ranking similarities. Then, we implement it on a biological dataset to assess its utility in identifying spatially similar m/z values. Results indicate that the proposed similarity measure is effective in meaningfully discriminating among m/z images, and can be a useful component of the analytical pipeline for TIMS data analysis.
II. METHODS

A. Desirable properties of a similarity measure
The proposed similarity measure should sufficiently meet the following properties related to design and performance. The similarity measure should (1) be monotonically increasing between [-1, 1] , to facilitate interpretation and comparison with other measures; (2) have good power of discrimination, i.e. should identify differences where they exist; (3) be consistently defined, i.e. there should not be sets of valid (observable) inputs for which the similarity measure output is undefined, and valid inputs should utilize the full dynamic range of the output.
B. Binary representation of TIMS data
Spatial distribution, rather than abundance, is the informative factor in finding co-localized m/z values. We therefore utilize a binary representation of TIMS data: each m/z image indicates the presence, above a selected threshold, of the corresponding m/z value at each pixel. There are many different methods for selecting a threshold in practice in biomedical image processing. Here, we demonstrate performance over a range of thresholds by utilizing the percentile abundances of the mean spectrum of the TIMS dataset. The abundance at every 10 th percentile between the 0 th to the 100 th is considered as a threshold.
C. Definition of similarity measure
For a dataset with N pixels in each image, the reference m/z value has an image which contains n 1 pixels with intensities greater than a selected threshold. When binarized, this image will have n 1 'on' pixels and N -n 1 'off' pixels. A second, query m/z image has n 2 'on' pixels. The total number of pixels at which both images are 'on' is k. The significance of overlap can be defined in terms of the probability of observing k given N, n 1 , and n 2 . If k of the n 1 pixels from the first m/z image overlap k of the n 2 pixels from the second m/z image, those k pixels in the first image may be arranged in ൫ భ ൯ ways. In the second image, the (n 2 -k) pixels which do not overlap may be arranged in ቀ ேି భ మ ି ቁ ways in the image space N. Thus, the total number of ways in which an overlap of k pixels can occur, given n 1 , n 2 and
When divided by the number of ways in which the n 2 'on' pixels in the second image could be arranged if k of them were not constrained, this becomes the pdf of the hypergeometric distribution. We propose a similarity measure h(k,n 1 ,n 2 ,N) which is defined, for any k, as the difference between the lower and upper tails of the hypergeometric distribution, as shown in equation (1).
The lower tail of the hypergeometric distribution has previously been utilized as a similarity measure [9] . Since the population is discrete, the upper tail offers additional information about k not available from only the lower tail, i.e. the probability of observing overlap at least as extreme. The upper and lower tails can be considered p-values of hypothesis tests. In both cases, the null hypothesis H 0 is that the observed overlap occurred by chance, given that both images are drawn from an urn model without replacement. The alternative hypotheses are that the observed overlaps are, respectively, larger or smaller than would be expected to occur at random for such an image pair. This implies that the images may be related, i.e. notably similar or dissimilar. Through the difference between the tails, the proposed measure provides a scaled description of the unexpectedness of any observed overlap. The tails of the hypergeometric distribution also have upper bounds [10] [11] . For some parameter sets, the value of the hypergeometric pdf may be so small as to encounter machine resolution limits. Then, the proposed similarity measure may be implemented in terms of the upper bounds, as shown in equation (2) .
Here, n = n 1 , p 1 =
D. Similarity measure comparison
First, the cosine similarity and Pearson correlation for binary vectors are expressed with the same variables as the hypergeometric pdf, allowing direct comparison of their formulae. Second, the proposed similarity measure is compared with the cosine similarity and Pearson correlation by evaluating their output for binary image pairs having varying degrees of overlap. Third, a synthetic dataset of binary vectors (images) with dimension N = 10 was created by considering all combinations of n 2, n 1 and k such that N n 2 n 1 k, and such that k is greater than or equal to its minimum for any given n 1 , n 2 and N. This dataset consists of 150 vector pairs. The three similarity measures were evaluated for each pair, and their outputs compared in terms of relative rankings. Fourth, the similarity measures were implemented on a TIMS dataset acquired from a mouse model of Tay-Sachs/Sandhoff disease. The experimental protocol for data acquisition is described in [12] . The image corresponding to m/z 890 was selected as a reference to due to its distinctive spatial pattern. The TIMS dataset has a spectral dimension of 4,438 m/z values. It was manually inspected in non-binary mode to identify m/z values with similar spatial patterns; 47 were selected. The top 47 values selected by each similarity measure were compared to these values. The percent correspondence of the two lists was calculated for each similarity measure, and repeated for each of the 11 binarization thresholds. The upper bounds of the tails of the hypergeometric distribution were used in this assessment due to the large parameter values involved.
III. RESULTS
A. Similarity measure comparison
Similarities and differences among the measures may be observed through their formulae; the binary expressions for cosine similarity and Pearson correlation are shown in equations (3) and (4). These are derived by noting that for binary vectors V 1 and V 2 , the dot product is equivalent to k, and the norms to ξ ݊ ଵ and ξ ݊ ଶ . Equation (4) is equivalent to Matthew's correlation coefficient [9, 13] .
Cosine similarity and Pearson correlation are both linear with respect to k, and behave nonlinearly with respect to n 1 and n 2 . Cosine similarity is independent of N, while meancentering in Pearson correlation brings N into consideration. Pearson correlation asymptotically approaches cosine similarity for large N. The proposed measure, like Pearson correlation, considers N, but like cosine similarity, does not mean-center the data. Unlike both, it considers how unlikely it is to observe k by chance. Figure 1 demonstrates that the proposed similarity measure satisfies criterion (1) Figure 2 shows the performance of the similarity measures over the synthetic dataset. The rankings show that the proposed similarity measure fulfills criterion (2), which addresses discrimination of differing cases. In particular, we examine the extreme cases of (a) no overlap, (b) complete overlap and (c) 'unsurprising' overlap. (a) Cosine similarity assigns 0 to all vector pairs with no overlap; a large segment of the dataset is so labeled with no additional sorting. Pearson correlation and the proposed similarity measure both sort this subset of vectors. However, only the proposed similarity measure recognizes that k = 0 is more surprising when n 1 and n 2 are larger, because there is more opportunity for at least some overlap. (b) The treatment of cases with complete overlap (k = n 1 = n 2 ) is also more favorable with the proposed similarity measure because it orders them in a meaningful manner. It identifies k = 5 as the most 'surprising' case of complete overlap, since there are the most opportunities for non-overlap to occur. The probability
B. Synthetic data
It also recognizes that k = 6 and k = 4 are equally 'surprising', since the probability of arranging n 2 = 6 pixels to completely overlap n 1 = 6 pixels is the same as arranging (N -n 2 ) = 4 pixels to completely overlap (N -n 1 ) = 4 pixels. The same pairings are observed for k = 7 and k = 3, and k = 8 and k = 2. In contrast, both cosine similarity and Pearson correlation assign 1 to this set of vectors without further sorting. (c) The proposed similarity measure also meets criterion (3) regarding definition over the parameter space. Pearson correlation is not defined for vector pairs in which n 1 = N or n 2 = N; this is evident from equation (4) . The proposed similarity measure assigns 0 to these cases, because by definition, k = n 1 . Thus, even though complete overlap occurs, it is not unexpected. of the mean spectrum. For this dataset, the 90 th percentile yields top selections from the similarity measures which correspond most closely to the manual selections. The selections of the proposed measure and Pearson correlation correspond highly with the manual selections, and also with each other. The selections of cosine similarity consistently differed from the other two, and from the manual selections. 
C. Biological data
IV. DISCUSSION
In this study, we propose a hypergeometric similarity measure as a tool for exploration and analysis of TIMS data, with the specific application of identifying m/z values -and hence molecules -with similar spatial distributions in tissue. Due to its definition as the difference between the upper and lower tails of the hypergeometric distribution, the proposed similarity measure explicitly defines the unexpectedness of any observed overlap. Using synthetic data, the proposed similarity measure was compared with cosine similarity and Pearson correlation in terms of three criteria related to design and performance, and it was shown to perform favorably. Tests on a biological TIMS dataset showed that the proposed similarity measure is effective in identifying visually notable spatial similarities. Together, these results indicate that the proposed similarity measure can play a useful role in the analytical pipeline for TIMS data. Through its application in combination with existing processing techniques, it may be possible to extract additional experimentally meaningful information from TIMS datasets.
Abundance is a key feature of mass spectrometry data, but binary data ignores this information. The selection of appropriate thresholds is an open problem in biomedical image processing, with many different algorithms in use. Results on this biological dataset indicate that increasing the threshold can increase agreement with the set of manually selected m/z values. However, the potential effects of interdataset variation on the performance of all three similarity measures have not yet been studied. This will provide more insight into threshold effects and lead to more systematic recommendations for TIMS data. Future work will also address this issue by modifying the similarity measure to more explicitly incorporate abundance. Additionally, future testing will more extensively compare the proposed similarity measure with other measures, including nonlinear correlations.
Manual selection of m/z values was necessary to provide a measure of performance for biological data in this study, but subjectivity can hinder interpretation of the results. This issue will be avoided in future work by using labeled TIMS data, i.e. where the identity and relationships of m/z values are known. The 'gold standard' list of m/z values could be built from molecules with distributions known to be similar from experimental results. This would provide support to spatial analysis by measuring the degree to which similarity measure choices indicate biologically related molecules. 
